The applications of Clonal Selection Algorithms (CSAs) 
Introduction
For decades of researches in bio-inspired computing, numerous artificial algorithms such as Genetic Algorithm (GA) [20] , Evolutionary Algorithm (EA) [18] , Artificial Bee Colony (ABC) [19] , and Ant Colony Optimization (ACO) [6] were proposed for solving this specific problem. In general, bioinspired computing mainly focuses on two aspects. One is the use of biology as inspiration for solving computational problems. The other is the use of the natural world experiences to solve real world problems.
More recently however, one of the bio-inspired algorithms named Artificial Immune System (AIS) has received a rapid increasing interest [4] . Numerous algorithms such as Danger Theory (DT) models, Negative Selection Algorithms, Immune Network Theory based model have been proposed and successfully applied to a wide range of problems. In particular, Clonal Selection Algorithms (CSA) [5] which based on the clonal selection principle proposed by Burnet has received a rapid increasing interest and has been verified as a powerful approach to combinatorial optimization problems.
The advantage of applying CSAs to hard combinatorial optimization problems lies in the ability to search the solution space in a broader way. Nevertheless, CSAs are also frequently faced with a problem of stagnating in a local but not global optimum. This drawback, called premature convergence, occurs when the population of a CSA reaches such a suboptimal state that the immune operators can no longer produce new solutions with a high affinity.
To provide a better exploring ability, a hybrid CSA named CSA-ACO [8] was proposed. Although the above hybrid algorithm CSA-ACO works quite well, too many parameters has to be defined and set to adjust the performance. As a result, a simple crossover -improved quantum interference crossover was introduced into CSA to exchange information between different immune cells [3] . Based on the early works, a dynamic quantum interference crossover based CSA is proposed in this paper. A dynamic quantum interference crossover is built up during maturation process to effectively accumulate useful receptor editing operation. Thus, the novel CSA can further generate better solutions to jump out the local optimality.
The remainder of the paper is organized in the following manner: Section 2 introduces the natural immune system and quantum interference crossovers. Section 3 describes the dynamic quantum interference crossover based CSA. Section 4 describes its application to traveling salesman problems.
Finally, Section 5 concludes the paper.
Background

Immune Response and Clonal Selection Theory [9],[14]
As one of the most intricate biological systems, the immune system defends the body against harmful diseases and infections. It is capable of recognizing most antigens' attacks by some certain important immune cells. Lymphocytes are small leukocytes that possess a major responsibility in immune system. B lymphocyte is one of the main types of lymphocytes. We also call it B cell. B cells are mainly lie in the blood and lymphatic network waiting to encounter antigens (the foreign molecules belonging to pathogens that invade the body). Each antigen has a particular shape that is recognized by the receptors present on the B-cell surface. More precisely, B cells synthesize and carry on their surfaces molecules, called antibodies, that act like detectors to identify antigens. As a result, the quality of the antibody is important to the immune system to successfully recognize the antigen. If a B cell is useful to recognize the antigen, it may be stimulated to clone. More precisely, a B cell with better fitting receptors and binding more tightly the antigen, replicate more and survive longer. This process of amplifying, using proliferation, only those cells that produce a useful B cell type is called clonal selection [15] , [16] . Clones are not perfect, but they are subjected to somatic permutations that result in children having slightly different antibodies from the parent. Clonal selection guarantees that only good B cells (i.e., with higher affinity with the antigen) can be cloned to represent the next generation. However, clones with low affinity with antigen do not divide and will be discarded or deleted. Hence, the clonal selection enables the body to have sufficient numbers of antigen-specific B cells to build up an effective immune response.
Quantum Interference Crossovers
Quantum computation, a novel inter-discipline that includes quantum mechanics and information science, was proposed by Benioff and Feynman in the early 1980s [1] , [7] . It has been verified that quantum computation is capable of solving many difficult problems in the field of classical computation, which was based on the concepts and principles of quantum theory, such as superposition of quantum states, entanglement and intervention. Because of its unique computational performance, there has been a great interest in the application of the quantum computing.
Classical quantum interference crossover which based on quantum computation was first proposed by Narayanan [13] and have been used for solving multi-cast routing problem [11] . Quantum interference crossover can effectively exchange information between different solutions, however, this position-based crossover is difficult to improve the global performance of CSA. To solve this problem, we proposed an improved quantum crossover based CSA for solving traveling salesman problem (TSP) [3] .
In [3] , new visiting tours generated by the improved quantum crossover include information come from different old tours. However, the solutions have no information exchanging among themselves. To deal with this problem, an improved quantum crossover based CSA was proposed by us in [2] .
Dynamic Quantum Interference Crossover Based CSA
Comparing with the distance-based quantum crossover based CSA [3] , the improved CSA in [2] provides an effective approach to exchange useful immune mutation information among different solutions. However, it should be noticed that this information exchanging is just used for current crossover operation. It means that the mutation information can not be accumulated effectively to further improve CSA's performance in later generations. To deal with this drawback, a dynamic quantum crossover based clonal selection algorithm (DQCCSA) is proposed in this research.
Without loss of generality, the population size is set to equal to the number of city in TSPs. The novel dynamic quantum crossover can be presented as follows (Select the new crossover tour ' 2 A as an example, see Figure 1 ): Figure 1 . Dynamic quantum interference crossover
Step 1.1: Select the 1st city a3 in A2. Then adjacent cities of a3 in A3 can be get easily. Obviously, a4 is the left-city and a1 is the right-city according to their positions. Then two possible inversion comparing I1 and I2 are performed by swapping the sub-segment a5−a1−a2−a6−a4 and a5−a1 in A2 which start with the right adjacent city of a3 in A2 and end with the left-city or right-city. a1 will be selected if inversion I2 generates shorter visiting tour. Then we can get the sub-segment of the new crossover tour ' 2 A , that is, ' 2 A : a3 →a1.
Step 1.2: Unlike early works mentioned above, which does not perform inversion operation in A2, Step 2.1: Select the 2nd city a1 in ' 2 A . Then adjacent cities of a1 in A4 can be obtained. Clearly, a2
is the left-city and a3 is the right-city. Then two possible inversion comparing I1 and I2 are performed by swapping the sub-segment a3−a3 and a5−a3 in A2 which start with the adjacent city of a1 in A2 and end with the left-city or right-city. It should be noticed that the right-city a3 of a1 in A4 is located at the left of city a1 in A2. As a result, city a3 is selected as the start point to generate a sub-segment a3.a3 for inversion comparison. If I2 can not generate a shorter tour, city a2 will be selected to renew the crossover tour ' 2 A . That is, ' 2 A : a3 →a1 →a2.
Step 2.2: Update A2 according to the inversion operation in Step 2.1. Thus, the new sequence of A2 is A2 : a3 →a1 →a2 →a5 →a6 →a4.
Step 3.1: Select the 3rd city a2 in ' 2 A . Then adjacent cities of a2 in A5 can be get. Clearly, a1 is the left-city and a4 is the right-city. Then two possible inversion comparing I1 and I2 are performed by swapping the sub-segment a1−a1 and a5−a6−a4 in A2. City a4 will be selected to renew the crossover tour ' 2 A if inversion I2 generates a shorter tour. At this moment, ' 2 A : a3 →a1 →a2 →a4.
Step 3.2: Update A2 according to the inversion operation in Step 3.1. Obviously, the new sequence of A2 is A2 : a3 →a1 →a2 →a4 →a6 →a5.
The same way, we can get ' 2 A : a3 →a1 →a2 →a4 →a5 in Step4.1 and a renewed A2 as A2 : a3 →a1 →a2 →a4 →a5 →a6.
Finally, in
Step 5, the only left city a6 is added to ' 2 A . A closed feasible tour ' 2 A : a3 →a1 →a2 →a4 →a5 →a6 →a3 is constructed.
Base on the above presentation, a dynamic quantum crossover based clonal selection algorithm named DQCCSA is proposed. The architecture of DQCCSA is illustrated in Figure 2 . 
Experimental Evaluation
In this section, series of tests aimed to demonstrating the dynamic quantum crossover based CSA to solve the TSP are described. This algorithm is implemented with C++ and all results of each instance are replicated for 10 times.
In this paper, all tested TSP instances are all EUC_2D type and are available at TSPLIB [10] . Table  1 lists the TSP instances to be solved. Table 1 . TSP instances from eil51 to kroA200
The meaning of the parameters in DQCCSA and their values are shown in Table 2 . Table 2 . User-defined parameters and values As discussed in the above sections, premature convergence problems is one of the main difficulties with the CSAs. This drawback occurs when the population of a clonal selection algorithm reaches a suboptimal state that the immune operators can no longer produce new immune cells with high affinities.
According to [17] , population diversity is a key issue in the performance of evolutionary algorithms. A proper control of the population diversity is needed during the evolutionary processes to balance the exploration and exploitation search, thus, a global optimum can be more likely reached through controlling chromosome diversity.
In this paper, the diversity is defined as the mean edge-distance between the best tour and all other tours. Edge-distance means different edges between two tours [12] .
The population diversity of a 51-city problem eil51 for different algorithms is shown in Figure 3 . Four algorithms CSA, CQCCSA, IQCCSA, and DQCCSA mean classical clonal selection algorithm [5] , classical quantum crossover based CSA, improved quantum crossover based CSA [3] , and dynamic quantum crossover based CSA respectively. Figure 4 illustrates the convergence process of those four algorithms. For clarity, we also show the first 30 generations and the last 30 generations of convergence process in Figure 5 and Figure 6 respectively. From these pictures, it can be seen that the DQCCSA has a better convergence performance than the IQCCSA, as well as CQCCSA and CSA.
In order to confirm the effectiveness and the robustness of our method to TSP, we apply our method to TSPs from eil51 to kroA200 and also compare our method with other CSAs. Table 3 shows the experimental results of the TSPs. Table 3 . Experimental results of CSA, CQCCSA, IQCCSA and DQCCSA for TSPs from eil51 to kroA200
In Table 3 , parameters PDM and PDB indicate the percentage deviation from the optimal tour length of the mean distance and the best distance respectively. From this table, it can be confirmed that the proposed algorithm DQCCSA can convergence into a better solution than CSA, CQCCSA, and IQCCSA.
Conclusions
In this paper, we proposed a dynamic quantum interference crossover based clonal selection algorithm DQCCSA. Unlike the classical quantum interference crossover or other improved quantum interference crossovers, the novel crossover can effectively accumulate useful receptor editing operation during maturation process. The performance of the proposed algorithm was evaluated by simulating a number of traveling salesman problems and compared to several clonal selection algorithms. From the phenomenon observed in experiments, the result indicates that the DQCCSA is capable of escaping local optima and further extending its searching spaces.
